We report on two experiments challenging the common assumption that events with objective probabilities constitute a unique source of uncertainty. We …nd that, similar to the domain of ambiguity (Abdellaoui et al. 2011), the domain of risk is rich in the sense that behavior is systematically di¤erent when subjects face risky bets based on simple or more complex events. Further, we …nd a tight association between attitudes toward complex risky bets and attitudes toward both ambiguity and compound lotteries. These results raise questions about the characterization of ambiguity aversion and the modeling of decisions under uncertainty.
The question then is not "Are there uncertainties that are not risks?", as posed by Ellsberg, but "Are there risks that are not risks?"-V. Smith (1969, p 329) 
Introduction
The literature on uncertainty generally distinguishes decisions made under risk (with objective probabilities) from decisions made under ambiguity (with unknown probabilities).
1 Recently, Abdellaoui, Baillon, Placido and Wakker (2011) (ABPW hereafter) showed that the domain of ambiguity is rich, in the sense that a decision maker may have di¤erent attitudes toward di¤erent sources of ambiguity. As is usual, however, events with objective probabilities are assumed to constitute a unique source. This assumption is important as ambiguity aversion is typically measured in contrast with attitude toward risk.
In this paper, we conduct two within subject experiments to test the common assumption of a unique source of risk. The …rst is an urn experiment which replicates ABPW's Ellsberg experiment under risk and ambiguity. The second is a dice experiment with simple and compound risks. In both experiments, we add a new risky treatment with events whose objective probabilities are arguably more di¢ cult to calculate.
We …nd that the domain of risk is rich in the sense that subjects have systematically di¤erent attitudes toward risks depending on whether the events are simple or more complex. Further, we …nd that attitudes toward complex risk are tightly related to attitudes toward ambiguity and compound lotteries.
These results have implications for the characterization and the modeling of ambiguity attitudes. In particular, ambiguity attitudes cannot be unequivocally characterized in contrast to attitudes toward risk. Further, most models of choices under risk and ambiguity are incomplete as they fail to explain at-1 In this paper, the term uncertainty captures both risk and ambiguity.
titudes toward complex risk. In contrast, our results are consistent with a modi…ed version of ABPW's "source method"under which the many kinds of uncertainties are di¤erentiated by their degree of subjective complexity.
The Source Method -The Binary Case
ABPW's source method combines Chew and Sagi's (2008) concept of source preference with Tversky and Kahneman's (1992) (cumulative) prospect theory.
In the binary case, a decision maker (DM hereafter) faces a bet x E x, i.e. win
x when event E realizes and x x otherwise. A source S is loosely de…ned as "a group of events that is generated by a common mechanism of uncertainty."
Formally, ABPW assume that sources are algebras of events. A source is said to be "uniform"if probabilistic sophistication holds within the source. When S is uniform, ABPW write the DM's utility
where p is the subjective probability of E and w S is a probability weighting function, called "source function,"associated with S. ABPW assume that the utility function u is the same regardless of the source S.
In the case of risk, E has an objective probability P and p = P . ABPW assume that every source of risk has the same source function and they denote it w(P ). In contrast, w S can di¤er depending on the source of ambiguity S.
Hence, the DM has the same attitude toward every source of risk, but he may have di¤erent attitudes toward di¤erent sources of ambiguity. The di¤erence between w and w S characterizes the DM's ambiguity attitude toward S.
Experiment 1: The Urns Experiment

The Design
The within subject experiment consists of three treatments, the two treatments in ABPW's Ellsberg experiment and a new treatment. Subjects face a series of binary bets x E x for which they report a certainty equivalent using ABPW's computerized iterative choice list method. Details on the bets, as well as screen shots of the experiment and instructions are provided in Appendix A.
In the …rst risky (known) treatment (denoted K), the bet is settled by drawing a ball from a transparent urn containing eight balls of di¤erent colors.
Elementary events are thus equally likely with probability 1=8. In treatment K, the bets are based on simple events (e.g. "the ball is red").
In the ambiguous treatment (denoted U), the bet is settled by drawing a ball from an opaque urn containing eight balls. The balls'possible colors are the same as in treatment K, but the composition of the opaque urn is unknown.
The bets in treatment U involve the same events as in treatment K.
For the new risky treatment (denoted K 2 ), there are two transparent urns each containing eight balls of di¤erent colors (as in treatment K). The bet is settled by the simultaneous draw of two balls, one from each urn. Elementary events (i.e. a pair of colored balls) are equally likely (as in treatment K) but with probability 1=64. The bets in treatment K 2 are based on what may be considered more complex events than in treatment K (e.g. "the two balls are of di¤erent colors"). 2 To simplify, we will often refer to the risky bets in 2 The psychology literature has identi…ed several factors that can bias probability judgment, such as conjunctive or disjunctive events (Bar-Hillel 1973) , negative frames (Tversky and Kahneman 1981) , or the use of frequencies and ratios (Gigerenzer 1991, Pacini and Epstein 1999) . When designing treatment K 2 we took special care to avoid such factors so as not to generate any systematic bias compared to treatment K. treatments K and K 2 as "simple"and "complex,"respectively.
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Following ABPW, the order of the treatments and bets are …xed. Namely, every subject faces the same sequence of 13, 19 and 19 bets corresponding to treatments K, K 2 and U, respectively. The bets in treatments K and U are the same as in ABPW: the …rst bets have events that combine from 1 to 7 colors while fx; xg is …xed at f0; 25g; the last six bets are based on a 4 colors event while x and x vary from 0 to 25. Subjects faced no time limit and did not have access to calculators. At the beginning of the experiment, each subject is told that one of his choices will be randomly selected for payment.
The implementation of the experiment is similar to ABPW with four notable exceptions: i) Bets are settled by having the subject draw ball(s) from physical urn(s); ii) the experiment was not conducted individually but in sessions with 17 to 21 subjects; iii) a show-up fee of e5 was paid to every subject; iv) the 77 subjects in our experiment were university students in Toulouse (France), not students at elite graduate engineering schools. Figure 1 shows that the average certainty equivalents (divided by 25) for the bets 25 P 0 are close to the diagonal for any P in treatment K. In contrast, they are below the diagonal for P > 1=4 in treatments U and K 2 . 4 As shown in Table E1 , 5 a series of Wilcoxon signed-rank tests con…rms statistically (at the 5% level) that, for any P > 1=4, simple risky bets in treatment K are valued 3 Observe that treatment K 2 and the experiment in Epstein and Halevy (2014) have similar designs. The key di¤erence, is that the composition of the two urns is known to the subjects in K 2 , while it is unknown in Epstein and Halevy (2014) . 4 As shown in Appendix B, we fail to reject the hypothesis of a uniform source in treatments U and K 2 at any usual signi…cance level. Thus, we follow ABPW and assume that subjects behave as if elementary events are uniformly distributed in each treatment.
Raw Results
5 Tables and …gures with numbers preceded by "E" can be found in Appendix E.
di¤erently than corresponding bets in treatments U and K 2 . In contrast, the valuation of ambiguous and complex risky bets cannot be di¤erentiated at standard signi…cance levels for any P . These raw results suggest that i) risky bets are valued di¤erently depending on whether they are based on simple or more complex events, ii) the value of an ambiguous bet relative to a risky bet depends on the complexity of the events on which the risky bet is based on.
Structural Econometric Approach
We now estimate the subjects'source and utility functions. Following ABPW, we assume that subject i in treatment t 2 fK; K 2 ; Ug has a power utility function
, where it > 0 and it > 0 (Prelec 1998). To estimate the structural model however, we reparametrize the source function into
where it = b it and it = ( ln a it ) 1 b it . We argue that this reparametrization o¤ers two advantages: First, it is easier to visualize the shape of the source function because a it and b it each capture a simple property of w it : a it captures where w it crosses the diagonal (i.e. w it (a it ) = a it ), and b it is the slope at this …xed point (i.e. w 0 it (a it ) = b it ). Second, it is easier to characterize how w it deviates from its benchmark under expected utility (i.e. the diagonal) which obtains when b it = 1.
6 Finally, observe that, similar to ABPW, b it can be interpreted as a likelihood sensitivity index and a it as a pessimism (optimism) index when w it is (inverse) S-shaped, that is when b it > 1 (b it < 1).
Under the source method, the indi¤erence of subject i between bet j and his elicited certainty equivalent CE ijt implies:
r it x j r it + x j r it (3.1)
As explained in Appendix C, we prefer to adopt a di¤erent econometric approach than ABPW. Using (3.1), we estimate the structural parameters fr it ; a it ; b it g jointly by nonlinear least square with all the data collected for subject i in treatment t. To test for di¤erences across treatments we de…ne:
where K 2 (U) is a dummy variable equal to 1 when t =K 2 (t =U).
This speci…cation of the parameters allows us to conduct several tests.
First, observe in (3.2) that the default values for r it , a it and b it are 1, 0:5, and 1, respectively. Thus, subject i has a linear utility function in treatment K when r iK =0. Likewise, the source function of subject i crosses the diagonal at 0:5 in treatment K when a iK =0. Finally, subject i satis…es expected utility in treatment K when b iK =0 since his source function is the diagonal in that case.
Further, the speci…cation in (3.2) allows us to compare treatment K with treatment U, and treatment U with treatment K 2 . In particular, we can test ABPW's assumption that an agent has the same utility regardless of the source of uncertainty. Indeed, r iU captures the possible di¤erence in u it when subject i faces ambiguous instead of simple risky bets, while r iK2 captures the di¤erence in u it when he faces complex risky instead of ambiguous bets.
To assess the robustness of the results we estimate both a fully heterogenous model as in ABPW (i.e. fr it ; a it ; b it g di¤ers across subjects) and a homogenous model in which fr it ; a it ; b it g = fr t ; a t ; b t g. Each approach has advantages and drawbacks. Estimates from the homogenous model are severely constrained but easy to interpret. Estimates from the heterogenous model are unrestricted across subjects but rely on small samples (e.g. fr iK ; a iK ; b iK g is estimated with 13 observations). Finally, to account for the small sample size, the standard deviations and p-values are calculated by nonparametric bootstrap.
Results from the Structural Estimation
The estimation results reported in the left panel of Table 1 indicate that the subjects' utility functions in treatment K are nearly linear on average (as in ABPW) but highly heterogenous across subjects. Indeed, r K is not signi…cantly di¤erent from 0 in the homogenous model, and the average estimated r iK is close to 0 in the heterogenous model. Further, the large standard deviation of the estimated r iK (0.496) indicates important di¤erences in utility across subjects.
In fact, we can reject the linearity of u i for about half of the subjects in treatment K. The parameter r U (r K2 ) is insigni…cant in the homogenous model, and r iU (r iK2 ) is signi…cant for only 14% (9%) of the subjects in the heterogenous model. Thus, a subject generally exhibits the same utility in treatments K, K 2 and U. Similarly, ABPW found the same u i in treatments K and U.
We now turn to the estimation of the source functions in Table 1 . The parameters a K and b K are close to 0 and 0:2 in the homogenous model. Thus, similar to ABPW, the optimism and likelihood sensitivity indexes are around 0:5 and 0:8 in treatment K. The estimation of the heterogenous model con…rms that we cannot reject the hypothesis that the source function crosses the diagonal at 1=2 (i.e. a iK = 0:5) for the majority of the subjects in treatment K.
Further, expected utility is rejected for 84% of the subjects in treatment K as their source function is signi…cantly di¤erent from the diagonal (i.e. b iK = 1).
With respect to treatment e¤ects, a U and b U are both signi…cantly lower than 0 in the homogenous model, thereby indicating that the optimism and likelihood sensitivity indexes are signi…cantly larger in treatment K than in treatment U. The heterogenous model supports this result as we can reject the equality of the likelihood sensitivity index (optimism index) in treatment K and U for 57% (31%) of the subjects. In contrast, a K2 and b K2 are negative but insigni…cant in the homogenous model and insigni…cant for most subjects in the heterogenous model. Thus, as seen in Figure 2 , the optimism and likelihood sensitivity indexes in treatment K 2 are signi…cantly lower than in treatment K, but statistically indistinguishable from those in treatment U.
To sum up, we …nd that subjects have i) similar utility functions across treatments, ii) di¤erent source functions for simple and complex risky bets, and iii) similar source functions for ambiguous and complex risky bets.
Naturally, one may wonder whether the di¤erence in attitudes toward simple and complex probabilities could be explained by random calculation errors.
Under this hypothesis, subjective probabilities are random variables whose distributions capture calculation errors. Consistent with the psychology literature (Kahnemann, Slovic and Tversky 1982) , the calculation errors can be assumed to generate an inverse S-shaped judgement bias in the sense that, on average, the agent overestimates low probabilities and underestimates high probabilities. In that case, the di¤erences in behavior we observed between treatments K and K 2 could be explained by the fact that subjects make larger calculations errors in K 2 . We estimate in Appendix D such a structural model that accounts for calculation errors and …nd that, while subjects make larger calculation errors for complex risky bets, there is still a signi…cant di¤erence between the source functions in treatment K and K 2 .
Attitudes toward Ambiguity and Complex Risk
Is there a link between attitudes toward ambiguity and attitudes toward complex risk? To address this question, we follow Abdellaoui et al. (2014) and de…ne for each subject i and each P=1=8; :::; 7=8 the ambiguity and "complex risk"premium as CE ipK CE ipU and CE ipK CE ipK2 , respectively. These individual premia (averaged across P=1=8; :::; 7=8) are plotted in Figure 3 .
As indicated by the positive trend line, there is a strong positive correlation ( = 0:714) between a subject's ambiguity and complex risk premia.
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To explore the link between neutrality to ambiguity and neutrality to complex risky bets, we calculate for each subject the absolute value of the ambiguity and complex risk premia averaged across P=1=8; :::; 7=8. If a subject is perfectly neutral to ambiguity (complex risk), then his average absolute ambiguity (complex risk) premium is 0. As shown in Figure 3 , no subject was perfectly neutral to ambiguity or complex risk for every P=1=8; :::; 7=8. If we de…ne a subject with an average absolute premium lower than e1 as "nearly neutral,"then, out of the 77 subjects, 10 are nearly neutral to both ambiguity and complex risk, 4 are nearly neutral to ambiguity only, and 3 are nearly neutral to complex risk only. Thus, 77% of the subjects with similar attitudes toward simple and complex risky bets are ambiguity nearly neutral. A Fisher exact test con…rms (p-value=2:2 10 7 ) that near neutrality to ambiguity and near neutrality to complex risk can be considered tightly associated.
Experiment 2: The Dice Experiment
We conduct a second experiment to con…rm that the domain of risk is rich and to study the link between attitudes toward compound and complex risks.
To assess the robustness of the results, the second experiment di¤ers from 7 As shown in Figure E1 , this positive relationship holds for each P =1=8; :::; 7=8. It also holds when the ambiguity and complex risk premia are calculated with respect to expected value (computed with P ) instead of simple risk ( = 0:698), and when we compare the source functions w iU (P ) and w iK2 (P ) for P =1=8; :::; 7=8 ( = 0:659).
the …rst in several dimensions: Uncertainty is generated with dice, the acts are generated with a quadratic scoring rule (as in Andersen et al. 2009 ), the experiment is conducted with pen and paper, the subject pool comes from a developing country, and incentives are substantially higher.
The Design
The within subject experiment also consists of three treatments. In each treatment of experiment 2, subjects predict the probability of 10 risky events. Each of the events describes the outcome of the roll of two 10-sided dice (one black, one red). For comparison, the 10 events have the same objective probabilities in each treatment (3, 5, 15, 25, 35, 45, 61, 70, 80, and 90%) . The events and the experimental instructions are provided in Appendix F .
In treatment K, the red (black) die determines the …rst (second) digit of a number between 1 and 100. Elementary events thus follow a uniform distribution. The events in treatment K have objective probabilities that are simple to calculate (e.g. the 25% probability event is described as "the number drawn is between 1 (included) and 25 (included)").
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In treatment K 2 , the two dice are added to form a number between 0 and 18.
Elementary events thus follow a triangular shaped distribution. The events in treatment K 2 have objective probabilities that are arguably more di¢ cult to calculate than those in treatment K (e.g. the 25% probability event is described as "the sum is between 2 (included) and 6 (included)"). Note, however, that the same mechanism (i.e. the roll of two 10-sided dice) generates uncertainty in both treatments. Only the construction of the events di¤ers.
In treatment C, the subjects face compound lotteries, i.e. lotteries whose 8 The data collected in treatment K have been used in Armantier and Treich (2013). prizes are other lotteries. Speci…cally, subjects have to make a single prediction not for one but for two possible events. After predictions are made, a fair coin determines which of the two possible events should be considered. The events in treatment C are similar to those in treatment K, i.e. the roll of the dice produces a number between 1 and 100.
The subjects are rewarded for the accuracy of their predictions according to a quadratic scoring rule: when a subject predicts a probability q he receives
2 when the event occurs and (1 q 2 ) when the event does not occur.
At the beginning of the experiment, the subjects were told that only one of the 30 events would be randomly selected for actual payment. As in experiment 1, the order of the events and treatments (K, K 2 and C) are …xed.
Experiment 2 took place in Ouagadougou, the capital of Burkina Faso.
The subjects were recruited by a local recruiting …rm (Opty-RH) by placing ‡iers around the city. To be eligible, subjects had to be at least 18 years old and be current or former university students. Two sessions with 21 and 22 subjects were conducted, each taking around 90 minutes to complete. Subjects were familiar with probabilities. In particular, 65% reported having taken a college level course in probability or statistics. Subjects earned 3,000 FCFA on average which corresponds to a 3-day wage for a university graduate.
Experimental Results
It is well known that the quadratic scoring rule is incentive compatible only when subjects maximize expected payo¤s ( closest to the diagonal), while treatment K 2 (with complex events) generates the largest biases. This ranking across treatments is con…rmed statistically by nonparametric Friedman tests (see Table E2 ).
As in experiment 1, we estimate the structural parameters fr it ; a it ; b it g characterizing subject i's utility and source functions in treatment t 2 fK,K 2 ,Cg.
9
The results are presented in the right panel of Table 1 . Similar to experiment 1, we cannot reject the hypothesis that the subjects have the same utility function across treatments. In contrast to experiment 1 however, the subjects' average utility function is concave (which may be due to the higher earnings at stakes). With respect to the source functions, we …nd a C and a K2 to be negative but insigni…cant, thereby revealing no statistical di¤erence in the optimism index across treatments. In contrast, b C and b K2 are both signi…cantly smaller than 0 in the homogenous model. Thus, as shown in Figure 5 , the curvature of the source function is more pronounced for compound than simple events, and the most pronounced for complex risky events.
Finally, we calculate the complex (compound) risk premium as ipK ipK2
( ipK ipC ), where ipt is the expected payo¤ corresponding to subject i prediction for the event with probability P in treatment t 2 fK,K 2 ,Cg. Figure   6 , where the individual premia averaged across all P are plotted, reveals a strong positive correlation ( = 0:688) between complex and compound risk 9 The parameters are estimated by nonlinear least square by comparing for every event j subject i's reported probability b P ijt with P j (r it ; a it ; b it ) the optimal report under a quadratic scoring rule by an agent with utility and source functions characterized by fr it ; a it ; b it g.
premia. Further, out of the 43 subjects in experiment 2, 8 are nearly neutral to both compound and complex risks, 3 are nearly neutral to compound risk only, and 2 are nearly neutral to complex risk only.
10 Thus, 80% of the subjects with similar attitudes toward simple and complex risks are nearly neutral to compound risk. A Fisher exact test con…rms (p-value=4:4 10 5 ) that near neutrality to compound and complex risks can be considered tightly associated.
To sum up, experiment 2 provides further evidence that the domain of risk is rich in the sense that subjects have di¤erent attitudes toward risks based on simple, complex or compound events. Further, attitudes toward complex and compound risks are found to be highly correlated.
Discussion
Summary: We conducted two experiments to test the common assumption of a unique source of risk. We …nd evidence against this hypothesis as subjects display signi…cantly di¤erent attitudes when facing risks based on simple events and risks based on more complex events. Further, these di¤erences appear to be systematic and not driven by calculation errors. Thus, we …nd that, similar to the domain of ambiguity, the domain of risk is rich. We also identify a tight link between attitudes toward complex risky bets and attitudes toward ambiguity and compound risk. In particular, subjects are essentially neutral to ambiguity and compound risk when those are measured in contrast to complex risk. Finally, our experiment shows that complexity attitudes can be empirically relevant as they a¤ected behavior as much as ambiguity and compound risk attitudes. We now discuss possible implications of these results.
10 Near neutrality is de…ned as having an average absolute premium lower than 75 FCFA (1=40 th of the 3,000 FCFA earned on average). Alternative de…nitions yield similar results. Characterization of ambiguity aversion: Finding that the domain of risk is rich raises questions about the characterization of ambiguity attitudes in theory and in practice. In particular, an agent's attitude toward an ambiguous source S is de…ned under ABPW's source method as the di¤erence between the source function for S and the source function for risk. Thus, ambiguity attitudes cannot be characterized uniquely if there are many sources of risk.
Moreover, the central "uncertainty aversion"axiom of Gilboa and Schmeidler (1989) Our results suggest that these ambiguity (aversion) models are incomplete as they fail to capture attitudes toward complex risk. Further, the tight association between attitudes toward complex risk (with no obvious interpretation as compound lotteries), and attitudes toward both ambiguity and compound risk suggests that ambiguity and compound risk attitudes may be special cases of complexity attitudes.
Implication for the source method: The source method has been found to outperform alternative theories to rationalize behavior under risk and ambiguity (Kothiyal, Spinu and Wakker 2014) . Nevertheless, one may question the practical relevance of the source method. Indeed, because it is context dependent, the source method has an in…nite number of degrees of freedom (i.e. a di¤erent source function for each source of uncertainty). As a result, the source method does not lend itself to out of sample predictions: knowing an agent's attitudes toward one source, does not provide guidance as to the attitudes of that agent toward a di¤erent source. However, the high correlation we found between choices under ambiguity, compound and complex risks suggests that an agent's behavior is connected across sources of uncertainty.
Thus, predictions in general environments may be possible if the theory can be generalized to capture this connection. A possible approach to do so may be to model how complexity a¤ect choices under uncertainty as discussed next.
Accounting for complexity: Our results suggest that a comprehensive model of choices under uncertainty should account for attitudes toward complexity.
To do so, one may follow one of the many bounded rationality approaches proposed in various …elds of economics. 11 Alternatively, one may consider ABPW's source method under the assumption that the whole domain of uncertainty is rich, regardless of whether probabilities are known or not. Consistent with our results, the source function could then be interpreted as re ‡ecting the subjective degree of "complexity"of the source. This descriptive approach may o¤er several advantages: it is rooted in decision theory, it is based on an empirically validated model (prospect theory), and changes in complexity attitudes may be studied by varying the shape of the source function. represent parameters significant at respectively the 1%, 5% and 10% significance level.
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Figure 6 Average Compound and Complex Risk Premia per Subject in Experiment 2
Linear trendline An urn contains the following 8 balls:
• • • • • • • •
We draw one ball at random from the urn.
[Treatment U: Identical except that the number of balls of each color in the urn is unknown]
There are 2 urns. In each urn there are the following 8 balls:
We draw one ball at random from each of the 2 urns. The order in which the balls are drawn does not matter. Only the color of the balls drawn matters. We denote with brackets the color of the balls drawn. For instance, {•,•} means that we drew one blue ball and one red ball. Probability
The subject wins if The subject wins if
The ball drawn is •. 
6/8
The ball drawn is
There is no • ball, and the 2 balls are not both •. 
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Instructions (screen shots translated from french)
Start the Examples
In the next screens, the subject went through two examples illustrating the three phases of the computerized iterative choice list method. In Phase 1, the range of payments is divided into 5 categories. In Phase 2, the range of payments corresponding to the choices in Phase 1 is subdivided into 10 categories. In the Confirmation Phase the subject sees the choices she has made in Phase 1 and 2. She can then confirm or change her choices. The three phases are illustrated with screen shots from the experiment over the next four pages. See ABPW for further details on the design. elicited for the bets in which P j vary from 1=8 to 7=8 while x j ; x j remain …xed at f0; 25g. The equality used to implement the nonlinear least square is based on subject i's indi¤erence under cumulative prospect theory between a prospect j and his elicited certainty equivalent
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In step 3, the estimated parameters
b it for j = 1; :::; 7. To test for treatment e¤ects for each j = 1; :::; 7 the distributions of b w it (j=8) are compared across treatments using a t test. Additionally, a likelihood sensitivity index and a pessimism index are calculated for each subject and compared across treatments.
We believe ABPW's empirical approach may be improved in three ways. In general, such a joint estimation should provide more precise estimates. Finally, note that otherwise, our estimation method is identical to ABPW with respect to the data used, the structural and parametric assumptions, and the identifying condition (equation 3.1).
Appendix D: Structural Model with Calculation Errors
Did subjects report di¤erent certainty equivalents in treatment K and K 2 because of errors they made when calculating objective probabilities? To address this question, we relax the assumption that p ijt , the subjective probability of subject i for prospect j in treatment t, is equal to the objective probability P j . Instead, p ijt is now assumed to be a random variable, in which case the di¤erence p ijt P j can be interpreted as a random calculation error. Following the psychology literature (e.g. Kahneman, Slovic and Tversky 1982), we can assume that E[p ijt ] > P j when P j is close to 0 and E[p ijt ] < P j when P j is close to 1, so that the subject has an inverse S-shaped judgement bias (i.e. on average, the subject overestimates low probabilities and underestimates high probabilities). Then, the di¤erences in behavior we observed across treatments could be explained by di¤erences in calculation errors.
To illustrate, let us assume that p ijt follows a normal distribution around
where
2 t captures the magnitude of the calculation errors across subjects in treatment t. Thus, K2 > K implies that
, in which case subjects in treatment in K 2 choose on average higher (respectively, lower) certainty equivalents than subjects in treatment K.
In other words, di¤erences in t could explain (at least in part) why subjects generally select di¤erent certainty equivalents across treatments.
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Under the source method, the indi¤erence of subject i between prospect j and his elicited certainty equivalent implies:
The structural parameters (i.e. fr it ; a it ; b it , t g when we assume that p ijt
2 t ) can then be estimated by maximum likelihood. Similar to the other parameters we write t = K + K2 K 2 + U (K 2 +U). Table E3 , U and K2 are both positive and signi…cant. Thus, subjects facing an ambiguous bet appear to make larger calculation errors than when they face a risky bet with simple events. Further, subjects make the largest calculation errors when they face risky bets with complex events (which are arguably more di¢ cult to evaluate than bets with simple events).
As shown in
These di¤erences in calculation errors, however, are not su¢ cient to explain the di¤erences in certainty equivalents across treatments. Indeed, comparing the results in Table E1 with those in the left panel of Table 1 shows that the sign, magnitude and signi…cance of the other parameters remain essentially unchanged when we account for calculation errors. In other words, while we …nd di¤erences in calculation errors for simple, complex and ambiguous bets, we still …nd that a subject's source function is statistically di¤erent for risky bets based on simple events and for risky bets based on more complex events. Wilcoxon Sign-Ranked tests are conducted to compare subjects' certainty equivalents across treatments. Under the null hypothesis, the distributions of subjects' certainty equivalents are the same across treatments. Shaded cells indicate tests significant at the 5% level. Friedman tests are conducted to compare a subject's reported probabilities across treatments. Under the null hypothesis, the distributions of a subject's reported probabilities are the same across treatments. Shaded cells indicate tests significant at the 5% level. Each dot represents a subject. Each color represents a probability P=1/8,…,7/8. Each line represents the linear trendline for the corresponding color/probability. The figures shows that the positive relationship between ambiguity and complex risk premia holds for each P=1/8,…,7/8.
Appendix E: Additional Figures and Tables
Each dot represents a subject. Each color represents a probability P=3%,…,90%. Each line represents the linear trendline for the corresponding color/probability. The figures shows that the positive relationship between compound and complex risk premia holds for each P=3%,…,90%. 
Figure E2
Compound You are about to take part in an experiment aimed at better understanding decisions made under uncertainty. In the experiment you will earn an amount of money. This amount of money will be paid to you at the end of the experiment, outside the lab, in private, and in cash. The amount of money you will earn may be larger if :
1. You read the instructions below carefully.
2. You follow these instructions precisely.
3. You make thoughtful decisions during the experiment.
If you have any questions while we read the instructions or during the experiment, then call us by raising your hand.
Any form of communication between participants is absolutely forbidden. If you do not follow this rule, then we will have to exclude you from the experiment without any payment.
The Task
You will be given 30 different «events», divided into 3 series of 10. Each of these events describes the possible outcome produced by the roll of 2 dice. One of the die is red, the other die is black. Each die has 10 sides numbered from 0 to 9. Each die is fair, which means that any of the 10 sides has an equal chance to come up when the die is rolled. Consider now two examples of events we could give you:
 Event 1: «The red die equals 5 and the black die equals 3».
 Event 2: «The red die produces a number strictly greater than the black die».
As explained below, 1 out of the 30 events will be randomly selected for payment at the end of the experiment. We will then roll the 2 dice once in order to determine whether the event occurs or whether the event does not occur. For instance, if Event 1 above is randomly selected for payment, then we will say that Event 1 occurred when the outcome of the roll of the 2 die is such that the red die produces a 5 and the black die produces a 3. For any other number produced by either the black or the red die, we will say that Event 1 did not occur. Likewise, if Event 2 is randomly selected for payment, then we will say that Event 2 occurred when the outcome of the roll of the 2 dice is such that the red die produces a number strictly greater than the black die. Otherwise, we will say that Event 2 did not occur.
Your Choices:
For each of the 30 events, you will be asked to make a choice. One of these choices will determine the amount of money you will earn both when the event randomly selected for payment occurs and when it does not occur. Each of your choices consists in selecting a number between 1 and 149 in the table we gave you separately. We will now explain how your choice for the event randomly selected for payment affects the amount of money you will earn.
If you look at the table, you can see that there are two amounts associated with each of the 149 possible choice numbers. The first is the amount of money you receive if the event occurs. The second is the amount of money you receive if the event does not occur. For instance, you can see in the table that the amounts associated with the choice number "1" are 53 and 4,000. This means that the amount of money you earn would be 53FCFA if the event occurs or 4,000FCFA if the event does not occur. As you can see, when the choice number increases from 1 to 149, the amounts in the first columns increase, while the amounts in the second column decrease. For instance, the amounts associated with the choice number "90" are 3,360FCA and 2,560FCFA. In other words, if you choose the number "90" instead of the number "1" then you would earn more if the event occurs (3,360FCFA instead of 53FCFA), but you would earn less if the event does not occur (2,560FCFA instead of 4,000FCFA). Note also, that the highest choice numbers (those closer to 149) produce the largest amounts of money when the event occurs, but the smallest amounts of money when the event does not occur. For instance, the choice number "140" produces 3,982FCFA if the event occurs, but only 516FCFA when the event does not occur.
For each of the 30 events, you are free to select any choice number you want. Note that there is no correct or incorrect choice. The choice numbers selected may differ from one individual to the next. In general however, you may find it profitable to choose a higher choice number when you think the chances that the event occurs are higher. Indeed, as we just explained, such a choice number will produce a larger amount if the event occurs. Conversely, you may find it profitable to choose a smaller number when you think the chances that the event occurs are lower.
Your Payment
The amount of money you receive today will be determined in 3 steps. In a first step, we will randomly select one of the 30 events for payment. In a second step, we will roll the 2 dice once to determine whether the event selected for payment occurs or does not occur. Finally, in a third step, we will look at the choice number you chose for the event selected for payment in order to determine the amount of money you will receive.
We will proceed as follows to select one of the 30 events for payment. At the beginning of the experiment, we will ask you to write your identification code on a piece of paper that you will then fold. Your identification code is located on the top right hand corner on the first page of the instructions. At the end of the experiment, we will draw at random one of the pieces of paper. The person whose identification number has been drawn will randomly choose 1 out of 30 numbered tokens from a bag. The number written on the token selected indicates the event that will be considered for the payment of each person in the room.
We will then draw at random a second piece of paper. The person whose identification code has been drawn will roll the 2 dice once to determine whether the event selected occurs or not. This single roll will be used to determine the payment of each person in the room.
If you do not wish to be one of the persons rolling the dice or drawing the token, then simply leave your piece of paper blank. Just fold it without writing your identification code.
Comprehension Test:
Understanding the instructions well is important if you want to improve your chances to earn a larger amount of money during the experiment. In order to make sure you understand the instructions well, we will now conduct a quick test without monetary consequences. Imagine first that Event 1: «The red die equals 5 and the black die equals 3» has been selected for payment. In addition, imagine that an individual selected the choice number 98 for this event, The red die equals 3 and the black die equals 9 ________FCFA ________FCFA
The red die equals 5 and the black die equals 2 ________FCFA ________FCFA
The red die equals 0 and the black die equals 5 ________FCFA ________FCFA Please, do not hesitate to raise your hand now if the instructions we just read were not perfectly clear. Once the experiment starts you can still call us to answer any question by raising your hand.
Note that the amount of money you will receive today may be larger or smaller depending on your choices and on the outcome produced by the roll of the 2 dice. By accepting to participate in the experiment, you accept the consequences associated with your choices and with the roll of the dice. If you do not wish to participate in the experiment you are free to leave now, in which case you will receive a flat fee of 500FCFA.
Series 1 :
For the first series of 10 events, we will consider that the red die determines the first digit (meaning 0, 10, 20, 30, 40, 50, 60, 70, 80, or 90) and the black die determines the second digit (meaning 0, 1, 2, 3, 4, 5, 6, 7, 8, or 9 ) of a number between 1 and 100 (both dice equal to zero corresponds to the number 100). As a result, every number between 1 and 100 has an equal chance to come out from the roll of the 2 dice.
Event Description Your Choice Number
Series 3 :
The last series of 10 events is similar to the first series. The red die determines the first digit and the black die determines the second digit of a number between 1 and 100. The difference with the first series is that, when you select your choice number, you are not facing 1, but 2 possible events. For instance, the 1st of the 2 possible events could be «the number is between 1 (included) and 25 (included)» and the 2nd of the 2 possible events could be «the number is between 55 (included) and 59 (included)». You are asked to select a single choice number without knowing which of the 2 possible events will be used to determine your payment. It is only at the end of the experiment that we will toss a coin to identify which of the 2 possible events will be used for payment. If the coin lands on Heads, then your payment will be determined using the 1st event. If the coin lands on Tails, then your payment will be determined using the 2nd event. As with Series 1, we will then roll the 2 dice to determine whether the event identified
by the coin toss occurs or not. Here is an example :
♦ If the coin lands on Heads, then the event is :
«the number is between 1 (included) and 25 (included)».
♦ Or, if the coin lands on Tails, then the event is :
«the number is between 55 (included) and 59 (included)».
You must select a unique choice number before you know which of the possible 2 events will be used for payment.
Imagine for instance that an individual selects the choice number 70. We have to distinguish between different 2 situations to determine how much the individual will be paid:
♦ Either the coin tossed at the end of the experiment lands on Heads. In this case, the event used for payment is «the number is between 1 (included) and 25 (included)». Then, the event occurs if the 2 dice produce a number that is indeed between 1 (included) and 25 (included), and the individual in our example is paid 2,862FCFA. On the other hand, if the 2 dice produce a number that is not between 1 (included) and 25 (included), then the event does not occur and the individual in our example is paid 3,129FCFA.
♦ Or the coin tossed at the end of the experiment lands on Tails. In this case, the event identified is «the number is between 55 (included) and 59 (included)». Then, the event occurs if the 2 dice produce a number that is indeed between 55 (included) and 59 (included), and the individual in our example is paid 2,862FCFA.
On the other hand, if the 2 dice produce a number that is between 55 (included) and 59 (included), then the event does not occur and the individual in our example is paid 3,129FCFA.
To summarize, there are only 2 cases under which the event occurs : 1) The coin lands on Heads and the 2 dice produce a number between 1 (included) and 25 (included), or 2) the coin lands on Tails and the 2 dice produce a number between 55 (included) and 59 (included). In all other cases, the event does not occur. Thus, when you select your choice number, you might want to imagine the different cases under which the event occurs and does not occur.
If these explanations are not sufficiently clear, please call us by raising your hand. We will then come to your desk to answer any questions you may have. We would like to remind you that it is important for you to understand the instructions well so that you can make the decisions that suit you the best. 
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«the number is between 21 (included) and 35 (included)».
«the number is between 30 (included) and 44 (included)».
23
«the number is between 25 (included) and 89 (included)».
«the number is between 2 (included) and 96 (included)».
24
«the number is between 66 (included) and 97 (included)».
«the number is between 13 (included) and 70 (included)».
25
«the number is between 56 (included) and 58 (included)».
«the number is between 78 (included) and 80 (included)».
26
«the number is between 82 (included) and 89 (included)».
«the number is between 25 (included) and 66 (included)».
27
«the number is between 7 (included) and 88 (included)».
«the number is between 3 (included) and 100 (included)».
28
«the number is equal to 12».
«the number is between 49 (included) and 57 (included)».
29
«the number is between 26 (included) and 86 (included)».
«the number is between 14 (included) and 74 (included)».
30
«the number is between 1 (included) and 83 (included)».
«the number is between 36 (included) and 91 (included)».
